Abstract: Digital stereo aerial photographs are periodically updated in many countries and offer a viable option for the regular update of information on forest variables. We compared the potential of image-based point clouds derived from three different sets of aerial photographs with airborne laser scanning (ALS) to assess plot-level forest attributes in a mountain environment. The three data types used were (A) high overlapping pan-sharpened (80/60%); (B) high overlapping panchromatic band (80/60%); and (C) standard overlapping pan-sharpened stereo aerial photographs (60/30%). We used height and density metrics at the plot level derived from image-based and ALS point clouds as the explanatory variables and Lorey's mean height, timber volume, and mean basal area as the response variables. We obtained a RMSE = 8.83%, 29.24% and 35.12% for Lorey's mean height, volume, and basal area using ALS data, respectively. Similarly, we obtained a RMSE = 9.96%, 31.13%, and 35.99% and RMSE = 11.28%, 31.01%, and 35.66% for Lorey's mean height, volume and basal area using image-based point clouds derived from pan-sharpened stereo aerial photographs with 80/60% and 60/30% overlapping, respectively. For image-based point clouds derived from a panchromatic band of stereo aerial photographs (80%/60%), we obtained an RMSE = 10.04%, 31.19% and 35.86% for Lorey's mean height, volume, and basal area, respectively. The overall findings indicated that the performance of image-based point clouds in all cases were as good as ALS. This highlights that in the presence of a highly accurate digital terrain model (DTM) from ALS, image-based point clouds offer a viable option for operational forest management in all countries where stereo aerial photographs are updated on a routine basis.
forest variables. However, their study sites seem to be located on a relatively flat terrain. Here, we examine the effect of image overlap options for estimating forest attributes in a mountain environment.
Usually, pan-sharpened stereo aerial photographs have been used for the generation of point clouds and for estimating forest variables. For example, Bohlin et al. [10] used pan-sharpened stereo aerial photographs with ground sample distances (GSD) of 0.12 to 0.48 m for the generation of the DSM and the estimation of forest variables. Similarly, Straub et al. [16] , Järnstedt et al. [14] , and White et al. [17] used pan-sharpened stereo aerial photographs with a GSD of 0.20 m, 0.25 m, and 0.30 m, respectively, for the generation of image-based point clouds and estimation of forest variables. In addition to pan-sharpened stereo aerial photographs, we evaluated for the first time the potential of the only panchromatic band with GSD = 0.10 m for the generation of point clouds and estimating forest variables.
The primary goal of this study was to assess the potential of image-based point clouds derived from stereo aerial photographs for estimating plot level Lorey's mean height (LH), timber volume (V), and basal area (G) in a mountain environment and compared the results with ALS data. For 3D image-based point clouds, we tested three different sets of aerial photographs, i.e., high overlapping pan-sharpened with 80/60% overlap, the only high overlapping panchromatic band with 80/60% overlap, and pan-sharpened with the standard 60/30% overlap option versus the ALS 3D point clouds for estimating the plot-level forest attributes in a mountain environment.
Materials and Methods

Study Area and Sample Plots
The study area is part of the state forest in Baden-Württemberg, Germany, located in mountainous terrain. It covers an area of 9.8 km 2 , where 885 ha are productive forest stands, and the elevation of the study area ranges from 527 to 1009 meters above sea level ( Figure 1 ). Picea abies dominates the study test site on 640 ha (57.81%), followed by Abies alba on 122 ha (21.08%), Fagus sylvatica on 80 ha (12.80%), Pinus sylvestris L. on 40 ha (5.78%), and Pseudotsuga menziesii on 2.3 ha (1.01%). Some other species, e.g., Larix decidua (0.3%), Acer pseudoplatanus (0.13%), Sorbus aucuparia (0.13%), Alnus glutinosa (0.1%), and Betula pendula (0.62%) rarely occur. The establishment of a systematic sample plot grid is one of the basic elements of forest management in the state forests in Baden-Württemberg. The sample plots used in this study were established in the course of such forest management inventory. A total of 449 permanent circular concentric plots in March 2015 were measured by the state forest service of Baden-Württemberg, as shown in Figure 1 . Out of the total sample plots, 367 were dominated by coniferous trees, 74 were dominated by deciduous trees, and eight were located in open regeneration areas without solid wood. The inventory sample plots were arranged by a systematic regular grid of 100 m by 200 m (Figure 1 ). Each sample plot consisted of four concentric circular subplots of 2, 3, 6, and 12 m radii. The trees measured at each circular plot depended on tree threshold diameters at breast heights of 7, 10, 15, and 30 cm, respectively. Tree heights were only measured on a subset of the sample trees, concerning species and stand layer. The heights of the trees without measurement were calculated using height-diameter tariffs, which were adjusted for each plot according to the measured heights. Lorey's mean height was calculated according to the following equation developed by Lorey [22] .
Lorey s means height =
Σg.h Σg
where g is the basal area and h is the tree height. For the calculation of single tree timber volume, the taper function of Kublin [23] was used. The total timber volume at the plot level in cubic meters per hectare was derived by adding the individual tree timber volumes weighted by the inverse of the corresponding sample plot area. Mean basal area was also calculated by adding the individual tree basal area weighted by the inverse of the relevant sample plot area. Additional information on the statistics of Lorey's mean height, volume, and basal area from all sample plots are shown in Table 1 . 
Remote Sensing Data and Processing
Full waveform ALS was obtained in summer 2015. Details about the flight and other system parameters of ALS data used in the study are shown in Table 2 . Table 2 . Information about the flight and system parameters of airborne laser scanning (ALS). Similarly, the details of the flight and system parameters of the stereo aerial photographs used in the study are shown in Table 3 . 
Parameters ALS
Processing Remote Sensing Data
Image-based point clouds were generated from pan-sharpened high overlap stereo aerial photographs (80/60%), standard overlap stereo aerial photographs (60/30%), and the only panchromatic band of high overlap stereo aerial photographs (80/60%) using SURE photogrammetric software by selecting all of the default parameter settings except for changes to the overlap option. SURE is specially-designed photogrammetric software for the generation of dense and precise 3D point clouds [24] . It is based on SGM, which provides dense image-matching point clouds that correspond to the GSD of the stereo images. Using SGM, first, the color values of the pixels are transformed by using non-parametric senses transformation [25] . Next, SGM performs dense image-matching for every pixel by minimizing the difference of the transformed image in the left and the corresponding pixel in the right image [26] . To erase the poor texture of the forested areas, SGM applies a smoothness constraint, which favors correspondence that produces neighboring points with the same depth. Finally, the difference of the transformed values and the smoothness constraints are combined by the weighted sum, which is minimized with an energy function. The SURE software matches every pixel in the base image with similar pixels along the epipolar line (strip) with the neighboring image, and then computes a multi-image-based spatial intersection [26] . The point clouds obtained by each base image are merged by a median-based fusion to form a grid of an entire project [26] .
Computation of Explanatory Variables
The ALS and the image-based point clouds were normalized by subtracting the ALS derived DTM (1 m spatial resolution) to the height of the point cloud's elevation above ground. Finally, height percentiles (i.e., h99, h95, h90, h80 . . . , h10), and other height metrics, i.e., the maximum, minimum, and mean height for each plot were calculated. In addition, standard deviation (SD), and the coefficient of variation (CV) were also calculated by taking into account the heterogeneity and variation of the forest canopy height. All of the above-mentioned metrics were derived from the vertical distribution of the point clouds by using a 12-meter radius circle corresponding to the size of the ground sample plots.
We also calculated the canopy volume (CVol), and canopy-cover density (cd) parameters that take into account the horizontal distribution of the canopy structure. For the Cvol and cd metrics, we calculated the canopy height model (CHM) through the subtraction of the ALS based DTM from the image-based DSMs and ALS DSM. To generate the DSM, we selected the maximum option that took the highest point clouds within a pre-specified pixel resolution as a filter and natural neighbor option as an interpolation as implemented in ArcMap. The CVol is the sum of all the heights of 1 × 1 m pixel size covering the total circular 12-meter radius sample plot area. The forest canopy density (cd) was calculated by dividing the number of pixels with heights above 2 m by the total number of pixels within an area of a 12 m radius that corresponded to the size of the ground sample plot. In addition, ten types of other forest canopy cover density metrics (i.e., cd1, cd2, cd3, . . . cd10) were calculated at sample plot locations followed by the methodology adopted by Naesset [7] , Rahlf [27] , and Straub [16] . More details about all of the above-mentioned heights, and canopy density metrics were described in detail in our previous work i.e., Ullah et al. [28, 29] .
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Statistical Methods
For the statistical analysis, we used the 12 m radius field sample plots to extract different metrics/explanatory variables from each of the remote sensing datasets. The generated dataset was then screened for collinearity (>0.7 correlation) between the explanatory variables/metrics derived from the remote sensing datasets. The problem of multicollinearity was solved by calculating the variance inflation factors for each of the variables and sequentially dropping the variables, which were found to be above a pre-specified threshold value (>2) as suggested by Zuur [25] . Then, the variance inflation factor was recalculated and the steps repeated until all values were below the threshold. To calculate the variance inflation factor, we used the CAR package of the R-statistics software [30] .
After solving the problem of collinearity, we fit multiple regression models between the independent variables (i.e., height and density metrics), which were extracted from the remote sensing datasets and the dependent variables (i.e., ground measured Lorey's mean height, timber volume, and basal area) at the sample plot locations. After that, a stepwise method was applied where the explanatory variables were removed by minimizing the Akaike Information Criterion.
For the accuracy assessment, the coefficient of determination (R 2 ), and the absolute and relative root mean square (RMSE) as shown in Equations (1) and (2) were computed using leave-one-out cross-validation (LOOCV). In LOOCV, every single observation was held out as a testing set, and the remaining data were used as a training set. We used R-statistical software [31] for the entire calculation.
where yi is the observed values;ŷl is the predicted value of LOOCV; yi is the mean of the observed values; and n is the total number of ground sample plots. In addition to R 2 and RMSE, we also calculated bias, and bias% according to Equations (4) and (5).
Bias = sum (predicted -observation)/number of observation (4)
Bias % = 100 * [sum (predicted -observation)/sum of observation]
Finally, forest variable maps were produced using the wall-to-wall mapping approach by implementing the prediction function developed from the final most models on the rasterized explanatory variables. The final most variables selected for the prediction of Lorey's height, forest timber volume, and basal area were generated for a grid area of 20 * 20 m, which is considered to be a suitable mapping unit for the 12 m radius circular ground sample plots, as described by White et al. [32] in the best practice guidelines for generating the forest inventory attributes from the ALS data using an area-based approach.
Results
Our results showed that the performance of ALS for estimating the Lorey's mean height was more accurate than image-based point clouds (Table 4) . Moreover, we only found a small difference in obtaining a higher accuracy by using higher overlapping (80/60%) versus standard overlapping (60/30%) for estimating the Lorey's mean height. Additionally, we did not find any difference between the overall performances of the image-based point clouds derived from the pan-sharpened versus the panchromatic band of stereo aerial photographs (Table 4) . Overall bias obtained from the predicted and observed Lorey's mean height was negligible, however, for image-based point clouds using higher overlapping (60/80%), the bias was found to be slightly higher (Table 4) . In addition, the scatter plots ( Figure 2 ), and canopy height models of Lorey's mean height ( Figure 3 ) derived from both the ALS and image-based point clouds did not show any clear difference, thereby confirming our earlier observation. In addition, the scatter plots (Figure 2 ), and canopy height models of Lorey's mean height ( Figure  3 ) derived from both the ALS and image-based point clouds did not show any clear difference, thereby confirming our earlier observation. ALS also showed higher accuracy for estimating the forest timber volume than the image-based point clouds by reporting R 2 and RMSE (Table 5 ). For the three image-based point clouds, we obtained similar results to estimate the forest timber volume (Table 5) . For all four datasets, we obtained a negligible negative bias between the predicted and observed forest timber volume. ALS also showed higher accuracy for estimating the forest timber volume than the image-based point clouds by reporting R 2 and RMSE (Table 5 ). For the three image-based point clouds, we obtained similar results to estimate the forest timber volume (Table 5) . For all four datasets, we obtained a negligible negative bias between the predicted and observed forest timber volume. showed that the forest timber volume was overestimated at the lower ranges and underestimated at the higher ranges where the goodness of fit between the predicted and measured forest timber volumes had been plotted (Figure 4) .
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Discussions
The general aim of this study was to evaluate the potential of ALS and image-based point clouds for estimating forest variables in the context of forest inventories in a mountain environment. As noted above, the performance of ALS was more accurate than the image-based point clouds for estimating Lorey's mean height, volume, and basal area. However, ALS did not markedly outperform the image-based point clouds by reporting the R 2 , RMSE, and Bias. Several studies have been conducted on the subject of comparison between ALS and image-based point clouds for estimating forest attributes. For instance, Table 7 shows our findings in comparison with previous studies conducted by White et al. [17] , and Järnstedt et al. [14] . Our image-based results were slightly more accurate than the results obtained by White et al. [17] and Järnstedt et al. [14] . This could be due to the software packages, which are based on different methodological approaches for the generation of 3D image-based point clouds. For instance, Järnstedt et al. [14] used the Next-Generation Automatic Terrain Extraction (NGATE) module of the software SOCET SET, which is based on a hybrid approach that uses a combination of edge and area-matching for the generation of 3D imagebased point clouds. Similarly, White et al. [17] used the SGM image matching algorithm as implemented in the Remote Sensing Software Package Graz (RSG version 7.46.11) [33] . We tested SURE for the first time, which is also based on the SGM method, but uses a slightly improved methodological approaches than the traditional SGM [13] . In addition, the results presented in the discussion were obtained from higher overlapping (80/60%), whereas both Järnstedt et al. [10] , and White et al. [17] used normal overlapping (60/30%). Based on our results and the findings of others, we concluded that image-based point clouds have great potential and offer a viable option to ALS for estimating forest attributes in the context of forest inventories. 
The general aim of this study was to evaluate the potential of ALS and image-based point clouds for estimating forest variables in the context of forest inventories in a mountain environment. As noted above, the performance of ALS was more accurate than the image-based point clouds for estimating Lorey's mean height, volume, and basal area. However, ALS did not markedly outperform the image-based point clouds by reporting the R 2 , RMSE, and Bias. Several studies have been conducted on the subject of comparison between ALS and image-based point clouds for estimating forest attributes. For instance, Table 7 shows our findings in comparison with previous studies conducted by White et al. [17] , and Järnstedt et al. [14] . Our image-based results were slightly more accurate than the results obtained by White et al. [17] and Järnstedt et al. [14] . This could be due to the software packages, which are based on different methodological approaches for the generation of 3D image-based point clouds. For instance, Järnstedt et al. [14] used the Next-Generation Automatic Terrain Extraction (NGATE) module of the software SOCET SET, which is based on a hybrid approach that uses a combination of edge and area-matching for the generation of 3D image-based point clouds. Similarly, White et al. [17] used the SGM image matching algorithm as implemented in the Remote Sensing Software Package Graz (RSG version 7.46.11) [33] . We tested SURE for the first time, which is also based on the SGM method, but uses a slightly improved methodological approaches than the traditional SGM [13] . In addition, the results presented in the discussion were obtained from higher overlapping (80/60%), whereas both Järnstedt et al. [10] , and White et al. [17] used normal overlapping (60/30%). Based on our results and the findings of others, we concluded that image-based point clouds have great potential and offer a viable option to ALS for estimating forest attributes in the context of forest inventories. Additionally, we tested the impact of image overlap option (i.e., 80/60% versus 60/30%) on the accuracy of forest inventory attributes. We found a small difference in obtaining a higher accuracy only for estimating Lorey's mean height by using higher overlap (80/60%) versus standard (60/30%) overlap. However, we found comparable results for estimating the forest timber volume and basal area for both higher overlap (80/60%) versus standard (60/30%) overlapping options. Our results coincided with those of Bohlin et al. [10] , and Nurminel et al. [21] where an increase in overlap did not considerably improve the estimation accuracy of the forest variables investigated. However, their study sites seemed to be located on relatively flat terrain, and we tested for the first time the impact of an image overlap option for estimating forest attributes in a mountain environment.
Moreover, we also tested for the first time the potential of image-based point clouds produced from the only panchromatic band of stereo aerial photographs with a GSD = 10 cm. We did not find any substantial difference between the overall performances of the image-based point clouds derived from the pan-sharpened versus the panchromatic band of the stereo aerial photographs for estimating forest attributes. This indicates that the panchromatic band of stereo aerial photographs has similar potential and can also be used for the generation of image-based point clouds and for estimating forest attributes.
The scatter plots derived from our models showed an overestimation of volume and basal area at the lower ranges, and under estimation at the higher ranges (Figure 4; Figure 6 ). This could be due to the presence of older trees where the growth of height become slower as they get older and prevents them from growing beyond a certain height due to hydraulic limits to tree height as compared to young trees [34] . It is also worth noting that we used tree height as one of the explanatory variables for forest timber volume and basal area estimation. Overlapping tree crowns located outside of the border of the sample plots could also be one of the reasons for the overestimation, which appears to be one of the limitations of integrating forest inventory field survey data and remote sensing datasets using an area-based approach [29] . However, this would also work in reverse as some crowns on the edge of the plot are partially included, and hence statistically neutralize each other.
Conclusions and Outlook
Our findings indicate that image-based point clouds have significant potential and offer a viable option for countries where stereo aerial photographs are updated at a regular basis and where highly accurate DTMs from pre-existing ALS campaigns in forested areas are available. The findings can further be used in an area-based approach for wall-to-wall mapping in the context of forest inventory. We also showed that increasing image-overlap could not substantially improve the results for estimating the plot-level forest attributes. Image-based point clouds derived from the only panchromatic band of stereo aerial photographs have similar potential and can also be used for estimating forest attributes.
The approach presented in this study is an ideal complementation of a forest management inventory that utilizes sample plots as a standard element, which are in practice and are well established
